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ABSTRACT 

In this paper, combine a Euclidian distance restricted auto encoder foreground extraction techniques to develop a 
real-time object detection algorithm. The pixels in the initial frames are used to model a zero mean unit variance Gaussian 
distribution. The new pixels are tested against these models and classified as foreground and background based on their 
variance ranges. The extracted foreground is then recognized with help of a multilayered auto encoder which gives better 
efficiency with lesser training data because of the Euclidian distance based restriction and dropout step to avoid over 
fitting. The efficiency of the method and the neural network are tabulated. 
 
Keywords: image processing, neural networks, AE, PCA. 

 
1. INTRODUCTION 

Many methods for object detection have been 
researched in the academic and industrial fields related to 
a vast variety of applications ranging accident prevention 
systems to security cameras. Such systems acquire reliable 
information from various sensors, such as Radar, Lidar, 
cameras, and GPS and they automatically manipulate the 
controls, such as the steering, brake systems, alarms and 
sometimes remote messaging to help the people lead a 
safer life. However, the availability of excessive 
information has made it quite complex for the computer to 
process the videos and detect the object of interest. This 
increase in information has lead to a need for quick and 
reliable algorithms for object recognition. In this paper, we 
have merged two optimized techniques for objects 
extraction and recognition to develop a reliable real-time 
operating system for object recognition. We have 
implemented Gaussian mixture model for background 
modeling as done by Qian [2]. This algorithm has the 
ability to work for different data’s as we can simply plug 
new data into a computer and gather classification outputs 
provides the possibility for the development of more 
practical applications in various fields. The neural network 
inputs are in grayscale 100x100 double precision data. To 
convert an RGB image to a gray image the generally 
accepted equations with R as red plane G as green and B 
as Blue color plains are as follows: 
 
Gray=0.299*R + 0.587*G + 0.114*B                             (1) 
 
2. RELATED WORK 

The formulation and study of artificial neural 
networks consisting multiple hidden layers dating as far 
back as 1989 [10] have to lead to the development of the 
modern-day deep learning concepts. The lack of growth in 
the field may be credited to the lack of availability of basic 
algorithms. This problem was solved when Hinton [11] 

had formulated his deep learning plan. Hinton along with 
his peer Salakhutdinov later proposed an unsupervised 
greedy training algorithm [11].This new algorithm tackled 
the optimization problems faced by deep networks 
structures and thus triggered a widespread research in the 
field of machine learning. 

Sheng et al, [1] proposed a new Euclidian 
distance restricted neural network for target recognition 
from SAR data. Various other researchers’ including 
Tejada et al, [5], Gani et al, [6] and Kang et al, [7] has 
worked on the real-time object recognition algorithms.  

Guo [2] et al, then worked on cascading neural 
networks for better performance but the stacking had 
increased the complexity with higher efficiency. Makino 
[4] et al has developed a new algorithm for moving object 
detection which was quite complex and involved optical 
flow methods. 
 
3. PROPOSED METHOD 

In this paper, we use various surveillance videos 
for object recognition and testing the algorithm. The 
videos and images were obtained from various sources 
including [11], [12], and [13]. Deep learning is a relatively 
new process that is employed to extract options and 
features hidden deep within the hierarchy of the 
data.Various deep learning algorithms with varying 
applications and complexities have been made available 
by researchers. Among the simplest of the existing 
algorithms is the basic Auto encoder which was 
introduced in the eighties [8], [14] and has been one of the 
most commonly used algorithms for classification 
purposes [13]. Like any other deep learning algorithm, the 
auto encoder is first trained using a training data the tested 
using a pre-classified data to generate the efficiency of the 
networks. The AE maps the input data on to a single or 
multiple hidden layers and produces the hidden 
representation as shown by the network in Figure-1a. This 
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part of the network is called an encoder. The mapping is 
done by as per the equation 2: 
 
h = f(x) = Sf (W*X+ b*h)                           (2) 
 

Sf in the equation is called an activation 
function.a typical non-linear activation function used in 
the method is shown in 3: 
 

Sf(x)=
11+𝑒−𝑧                                                              (3) 

 
Once the data is stored in the form of a hidden 

structure it can be retrieved with the help of the equation 
sown in 4 here Sg is a non-linear activation function 
analogous to Sf: 
 
y = g(h) = Sg (W’*h + by )                                              (4) 
 

The AE trains itself to reduce the cost function 
between the actual input x and the hidden layer 
reconstructed output f(x).The cost function is calculated as 
per the equation 5: 
 
JAE(Ɵ)=∑L(x,y)=∑L(x,g(f(x)))                          (5) 
 

Here Ɵ is the network variables that are to be 
trained by the network and L is the mean squared error as 
illustrated by equations 6 and 7:  
 
L(x,y)=||x-y||2                                                                    (6) 

 

Ɵ={W,bh,by}                                                                    (7) 
 

The reconstruction error between the input and 
the AE output Dn is reduced by the equations illustrated in 
8, 9 and 10. The values of Ɵ have constantly updated 
accordingly through the training process. 
 

W=W-η𝜕𝐽AE(𝜃)𝜕𝑊    (8) 

 

by = by -η
𝜕𝐽AE(𝜃)𝜕𝑊   (9) 

 

bh = bh -η
𝜕𝐽AE(𝜃)𝜕𝑊   (10) 

 
In Euclidean distance restricted AE used in this 

paper, a Euclidian distance restriction is added to error to 
be reduced i.e., JAE(Ɵ) as shown in 11. This restriction is 
added based on the fact that the hidden feature is same or 
similar objects and different for objects from different 
classes. 
 

JAE(Ɵ)=∑L(x,y)=∑L(x,g(f(x))) + λ*∑ (||hi −∑𝑖=𝑁,𝑗=𝑁𝑖=0,𝑗=0hj|| − Sij)2                                                                     (11) 
 

Here Sij is the adjustable Euclidian distance 
restrictor. Sij=0 when xi and xj are formed the same target 
and Sij=α, where α is a positive integer. 

 

 
 

Figure-1. (a) Auto encoder (b) dropout (c) Gaussian foreground. 
 

A common challenge faced by the neural 
networks with supervised learning process is over fitting. 
This results in the misclassification of unclassified objects 
as the number of classes increases. To avoid this problem 
we have employed a dropout in this algorithm. Dropout is 
the relatively modern technology developed to tackle the 
problems faced due to over fitting. In this technique, all 
the connections coming in and out of a neuron in both 
hidden and visible layer are switched off which would 
effectively cut off their participation in the back 
propagation step. This step reduces the complexity of the 
network as the effective back propagation process has 
lesser neurons than the complete network and this also 
prevents the over fitting. The foreground of the image is 
extracted using Gaussian mixture models we create a 

Gaussian model for each pixel and test the new pixels 
against this pdf and classify as a background or a 
foreground pixel. It is zero mean and unit variance 
process. The results rely on the initialization of mean and 
variance. For the tests, we have used 0 mean and unit 
variance. The parameter determines the learning rate. As 
we can see, many of the background pixels have been 
misclassified as foreground pixels. The reason could be we 
have used a unimodal-gaussian. The background has been 
modeled as the outliers of the foreground pixels. So 
depending upon a global threshold, we classify the 
background and foreground pixels. We do not consider 
separate Gaussian models for foreground and background 
pixels. 
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P(Xt)=∑ W(i, t) ∗ N(Xt, µ(i, t),𝑖=𝑘𝑖=1 ∑(I,t));                     (12)  

 

N(Xt,µ,∑)= 1µ√2π
e−(x−σ)22µ                                              (13) 

 
Where ∑ is the mean and µ is the variance of the 

distribution. The pixels that are in variance range of -2.4 to 
2.4 are considered to be in the background an\d shown in 
Figure-1c. 
 
4. RESULTS AND DISCUSSIONS 

The proposed algorithm was implemented using 
MATLAB. A total of 80 videos of different surveillance 
data ranging from a traffic camera to the shopping mall 
surveillance and cell phone videos have been used to test 

the efficiency of the algorithm. Figure-2(a) shows the 
background extracted from the video. Figure-2(b) shows 
the frame from which the foreground is to be extracted. 
Figure-2(c) shows the foreground mask and finally, 
Figure-2(d) shows the cleared mask. The neural network 
was trained to recognize seven cars. The network was 
trained with a set of 134 images for each car i.e. a total of 
938 training images and then tested with a 500 images 
dataset. The neural network consists of two stacked 
encoders each having a hidden layer of 50 neurons. The 
weights of encoder 1 and 2 after training for 500 epochs 
are shown in Figure-3(a) and 3(b) respectively. The 
comparison of the proposed algorithm with various 
existing algorithms is shown in Table-1. 

 

 
 

Figure-2. Block diagram of the algorithm implemented. 
 

 
                                                      (a)                                                                                  (b) 

 

 
(c)               (d) 
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(e) 

 

Figure-3. (a) background; (b)frame; (c)foreground;(d)cleared foreground  (e)detected objects. 
 

 
 

Figure-4. (a) Weight of AE1 (b) Weights of AE2. 
 

Table-1. Comparison of proposed and existing methods. 
 

S. No Video 

Proposed Method [5] [6] [7] 

Efficiency 
Time 

(ms) 
Efficiency 

Time 

(ms) 
Efficiency 

Time(

ms) 
Efficiency 

Time 

(ms) 

1 
Low-density 

traffic 
89 90 79 95 85 150 97 183 

2 Surveillance 91 96 82 90 80 150 95 178 

3 
High-density 

traffic 
88 130 76 120 76 234 90 322 

4 Self-video 93 82 89 85 89 100 91 112 
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CONCLUSIONS 
The proposed algorithms can be used for real-

time applications as it works better at a lower training data 
and also has lesser probability of over fitting. The 
algorithm can be applied in various real-life scenarios 
including a smart attendance register which is trained with 
the images of faces and. The algorithm can further be 
improved by combining it with better foreground 
extraction methods for blurry videos and applied in more 
remote applications. The proposed algorithm can be 
combined with facial recognition algorithms and be 
applied for various applications including a smart 
household alarm system etc.  
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